China promulgated the Air Pollution Prevention and Control Action Plan (the Action Plan) in 2013 and developed stringent control measures to mitigate fine particulate matter (PM 2.5 ) pollution. Here, we investigated the PM 2.5 chemical composition changes over eastern China associated with the Action Plan during 2013-2017 using satellite-based PM 2.5 chemical composition data derived using CMAQ simulations and satellite inputs. The PM 2.5 concentrations decreased considerably during this time as a result of the reductions in all chemical species in PM 2.5 . The population-weighted mean concentrations over eastern China decreased from 11.1 to 6.7 μg m -3 for SO 4 2 , 13.8-13.1 μg m -3 for NO 3 , 7.4-5.8 μg m -3 for NH 4 + , 9.9-8.4 μg m -3 for OM, 4.6-3.8 μg m -3 for BC and 12.9-9.6 μg m -3 for other species in PM 2.5 . SO 4 2 had the largest reduction of 40%, while NO 3 had the lowest reduction of 5%, resulting in a greater fraction of NO 3 and a smaller fraction of SO 4 2 in PM 2.5 . Among the three key regions, Beijing-Tianjin-Hebei had the largest reduction in PM 2.5 and its chemical compositions. The decrease in SO 4 2 concentrations was in line with the reduction of SO 2 emissions, and the major driver of the SO 2 emission reductions was the industrial sector. The decrease in NO 3 concentrations was limited because the decrease in SO 2 emissions and the stable NH 3 emissions facilitated the formation of NO 3 from HNO 3 , which partially offset the reduction in NO x emissions driven by the power sector. To mitigate PM 2.5 pollution more effectively, future efforts are needed to reduce NH 3 emissions.
Introduction
Fine particulate matter with an aerodynamic diameter of 2.5 μm or less (PM 2.5 ) includes major components of secondary inorganic aerosols (sulfate, nitrate and ammonium, SNA), black carbon (BC), organic carbon (OC) and crustal material. PM 2.5 plays important roles in air quality (West et al., 2016) , ecosystems (Grantz et al., 2003) and the climate (Bellouin et al., 2005) ; it is also a leading cause of global morbidity and mortality (Brook et al., 2010; Pope and Dockery, 2006) . As the largest developing country in the world, China has experienced rapid economic growth and urbanization in recent decades, along with the degradation of air quality. In 2013, only 0.4% of the Chinese population lived in regions meeting the World Health Organization guidelines of 10 μg m -3 , and extreme PM 2.5 concentrations (above 65 μg m -3 ) occurred frequently .
As a consequence, China had 1.1 million premature deaths related to PM 2.5 pollution in 2015, which contributed 26% of the global deaths attributable to ambient PM 2.5 . Since 2006, the Chinese government has started to take actions to mitigate the gas precursors of PM 2.5 pollution. Previous studies (Geng et al., 2017b) reported a reduction in sulfate (SO 4 2 ) concentrations and a continuous increase in nitrate (NO 3 ) concentrations from 2005-2012 over China, which were driven by a reduction in sulfur dioxide (SO 2 ) emissions from the power sector and limited control measures for nitrogen oxides (NO x ) emissions during that time.
In 2013, the State Council of China promulgated the Air Pollution Prevention and Control Action Plan (the Action Plan), committed to reducing PM 2.5 concentrations, and promoted a series of control measures that were more stringent and ambitious than ever before. By adopting these new measures, the emission reduction rates markedly accelerated from 2013-2017, with SO 2 decreasing by 59%, NO x by 21%, BC by 28%, and OC by 32% based on a national estimate in the most recent emission inventory . The Chinese government reported a successful reduction in PM 2.5 concentrations by 28-40% in different regions from 2013-2017 based on ground observations from the national monitoring network, proving the effectiveness of the above control measures. However, changes in the chemical composition of PM 2.5 , which are not included in the routine national monitoring network, are also important to better understand the relationship between PM 2.5 chemical composition and emissions and to inform future mitigation efforts. Due to the lack of PM 2.5 chemical composition observations over China, previous studies assessing the spatiotemporal changes of PM 2.5 species usually relied on simulations from chemical transport models (CTMs). For example, Xing et al. (2015) used the Community Multiscale Air Quality (CMAQ) multiscale chemical transport model to conduct a 21-year period (1990-2010) simulation over China and analyzed the SNA trend and its relationship with the precursor emission changes. Fu et al. (2016) used a revised version of CMAQ to simulate the spatiotemporal variations of SNA over China and explored the impacts of meteorological factors and dust on SNA formation. However, simulations from CTMs usually have biases compared to ground observations Hu et al., 2016; Liu et al., 2010; Zhang et al., 2015) because of the uncertainties in input emissions Zhao et al., 2011) or missing mechanisms within current models (Baek et al., 2011; .
Recently, satellite remote sensing data have been used as additional information for the estimation of surface air pol-lution. Previous studies used satellite-based aerosol optical depth (AOD) in combination with CTM simulations to better characterize the spatiotemporal distribution of PM 2.5 and its chemical composition. For example, Xue et al. (2017) In this study, we first used the most recent emission inventory for China and the CMAQ model to simulate the PM 2.5 chemical composition concentrations during 2013-2017. Then, we utilized satellite-based estimates of total PM 2.5 concentrations as constraints to correct for CTM biases and derived satellite-based PM 2.5 chemical composition concentrations. The satellite-based products were evaluated against ground measurements. Using satellite-derived datasets, we analyzed the spatiotemporal changes in PM 2.5 chemical composition over eastern China during 2013-2017 and compared them with precursor emission changes to understand the driving forces behind these changes and to assess the effectiveness of the Action Plan.
Materials and methods
Our study domain is the eastern part of China (ECN, Figure  1 ), where anthropogenic emission sources are dominant. The three key regions in China, the Beijing-Tianjin-Hebei (BTH) region, the Yangtze River Delta (YRD) and the Pearl River Delta (PRD), are highlighted in Figure 1 .
Ground-based observations
The PM 2.5 ground measurements used in this work were obtained from the website of the China National Environmental Monitoring Center (CNEMC, http:// 106. 37.208.233:20035/) , and the PM 2.5 chemical composition measurements were taken from the China Atmosphere Watch NETwork (CAWNET) (Zhang et al., 2012) and the Surface PARTiculate mAtter Network (SPARTAN) (Snider et al., 2015 (Snider et al., , 2016 . CAWNET is operated by the Chinese Meteorological Administration (CMA), which measures major inorganic aerosols (SNA) and carbonaceous species (OC and BC) in daily ambient PM 10 samples. The PM 10 filter samples were collected every three days. More details about the sampling and measurements can be found in Zhang et al. (2012) . We obtained daily measurements of SO 4 2 , NO 3 , NH 4 + , OC and BC from 12 sites for the 2013-2014 period, as shown in Figure 1 . These sites included six urban sites and six rural sites. Although these composition measurements were derived from PM 10 samples, the coarse fraction (PM 2.5-10 ) mainly consisted of mineral dust, sea salt, other trace elements as well as unaccounted components (Hueglin et al., 2005; Masri et al., 2015; Putaud et al., 2004) . The CAWNET data have been used in previous work to evaluate the simulated PM 2.5 composition (Park et al., 2014; Zhang et al., 2018) . SPARTAN is a global network to measure PM 2.5 and some compositional features for the purpose of evaluating and enhancing satellite remote sensing estimates of aerosols (Snider et al., 2015 (Snider et al., , 2016 . The sample filters were collected for 160 min each day over a period of 9 days for a total of 24 h. We obtained data for 2013-2017 from the Beijing sampling site (http://spartan-network.weebly.com/beijing. html, Figure 1 ), which included measurements of ammonium nitrate, ammonium sulfate, residual matter and BC.
Bottom-up emission inventory
The emission inventory used as the CTM inputs was obtained from the Multi-resolution Emission Inventory for China (MEIC, http://www.meicmodel.org/). The MEIC model is a technology-based, dynamic process emission model that covers 31 provinces in mainland China and estimates emissions from~700 anthropogenic sources (Zhang et al., 2009) . Emissions from the power sector were estimated using a unit-based database that contained unit-specific coal consumption, electricity generation and progress of emission control Tong et al., 2018) . Emissions from on-road vehicles were derived using countylevel vehicle ownership and technology penetration data, as well as an emission factor model (Zheng et al., 2014) . The MEIC model also has a framework to provide speciated nonmethane volatile organic compounds (NMVOCs) for major chemical mechanisms (Li et al., 2014) . More details about the MEIC model can be found in Zheng et al. (2018) and Li et al. (2017a) . In this work, the year-by-year emissions of SO 2 , NO x , NH 3 , OC, BC, anthropogenic dust and NMVOCs during 2013-2017 were obtained from the MEIC model for the simulation of PM 2.5 chemical composition concentrations over China.
CTM simulations
The CTM used in this study to estimate the spatiotemporal variation of aerosols over China was the CMAQ model version 5.0.1 driven by the Weather Research and Forecasting model (WRF) version v3.5.1 (http://www.wrf-model. org/). The model configurations for WRF and CMAQ followed previous work at a spatial resolution of 36 km with 14 vertical layers. The WRF model used reanalysis data from the National Centers for Environmental Prediction Final Analysis (NCEP-FNL) as initial and boundary conditions. Then, simulated meteorological parameters provided by the WRF model were applied to conduct the CMAQ model. The CMAQ model used CB05 and AERO6 as the gas-phase mechanism and the aerosol module, respectively. The boundary conditions for the CMAQ model were derived from the global GEOS-Chem model (Bey et al., 2001) . A one-month spin-up was applied, starting in December 2012. The anthropogenic emissions for mainland China were obtained from the MEIC model. Emissions beyond mainland China were obtained from the MIX inventory developed for the Model Inter-Comparison Study for Asia (MICS-Asia) . Biogenic emissions were provided by the Model of Emissions of Gases and Aerosols from Nature (MEGAN) version 2.1 (Guenther et al., 2012) . Other emission sources, including sea salt and natural dust, were calculated online by the CMAQ model. We extracted daily mean concentrations of PM 2.5 , SO 4 2 , NO 3 , NH 4 + , OC and BC at the surface level to represent the ambient PM 2.5 and its chemical composition concentrations.
Satellite-based PM 2.5 concentrations
The satellite-based daily PM 2.5 estimates used to calibrate the WRF/CMAQ simulations were adopted from our previous study (Xiao et al., 2018) , which used an ensemble machine learning approach to predict full-coverage daily PM 2.5 concentrations over China at 10 km from PM 2.5 ground measurements, satellite AOD, meteorological fields and land use variables. The missing satellite AOD data were gap-filled by a multiple imputation method (Xiao et al., 2017) before modeling. To control the unobserved spatial heterogeneity in the large domain of China, a clustering method was designed to divide China into seven subdomains. Then, three models, including random forest, a generalized additive model and extreme gradient boosting algorithms, were trained separately within each subdomain. Finally, a generalized additive ensemble model was used to combine predictions from different algorithms. The ensemble prediction well characterized the spatiotemporal distribution of daily PM 2.5 with a 10fold cross-validated R 2 (RMSE) of 0.79 (21 μg m -3 ).
Satellite-based PM chemical composition concentrations
The satellite-based chemical composition of PM 2.5 at 10 km during 2013-2017 was estimated by applying daily composition-specific fractions from the CMAQ model to the corresponding daily satellite-based PM 2.5 , as shown below: and other species in PM 2.5 (PM other ) in this study. To match the grid of the satellite-based PM 2.5 data, daily fractions of PM 2.5 chemical composition from the CMAQ model at 36 km were interpolated to the 10-km grid using an inverse distance weighting approach. Figure 2 shows the comparison of CMAQ-simulated and satellite-based PM 2.5 and chemical composition concentrations against ground observations obtained from CNEMC and CAWNET at a monthly scale. The satellite-based PM 2.5 estimates improved significantly compared to the CMAQsimulated PM 2.5 (Figure 2a ). The chemical composition simulated by the CMAQ model had reasonable consistency with ground measurements, with spatiotemporal correlation coefficient (R) values between 0.53-0.70 and normalized mean biases (NMBs) between −44.6% and 24.4%. The SO 4 2 concentrations were underestimated by the CMAQ model (NMB=−44.6%), especially for highly polluted levels, which might be caused by the lack of heterogeneous chemistry in the CMAQ model . As reported in previous studies, under adverse meteorological conditions with high humidity and reduced air advection, a greater amount of SO 4 2 can be produced through heterogeneous reactions . The lack of such pathways in the CTMs leads to severe underestimation of SO 4 2 concentrations during haze events . Due to the thermodynamic equilibrium between SO 4 2 , NO 3 and NH 4 + , the underestimation of SO 4 2 caused the overestimation of NO 3 concentrations, as shown in Figure 2c . OM and BC, which were dominated by primary emissions, had higher correlations with ground observations, indicating the accuracy of our emission inventories. After constraining by the satellite-based total PM 2.5 concentrations, the R values between the satellite-based chemical composition and the ground measurements increased among all species (0.56-0.81), although the SO 4 2 concentrations were still underestimated (NMB=−32.9%). In addition, the PM 2.5 chemical composition observations obtained from CAWNET were derived from PM 10 , which might contribute to the biases between the estimations and the observations. Figure 3 compares the monthly variations of the satellitebased and observed PM 2.5 chemical composition at one site in Beijing available from SPARTAN. Because SPARTAN provides observed ammonium nitrate (NH 4 NO 3 ) and ammonium sulfate ((NH 4 ) 2 SO 4 ) mass concentrations, we compared the total SNA between the estimations and the observations. In Figure 3a , the satellite-based estimates of SNA well reproduced the temporal variation of observed SNA, although there were underestimations with respect to peak values. Residual matter from SPARTAN, which was mainly organics (Snider et al., 2016) , was compared with the estimated OM in our study (Figure 3b ). The OM estimates were worse than those of SNA but could still predict the peaks. The estimated and observed BC correlated well with each other, indicating that our satellite-based PM 2.5 chemical composition concentrations could capture the temporal changes in ground observations and support the trend analysis in this study. , and the population-weighted mean reduction rate over ECN calculated using population data taken from the LandScan Global Population Database (Bright et al., 2014 (Bright et al., , 2016 Rose et al., 2018) at 10 km was 1.1 μg m -3 yr -1 during the analysis period. However, the NO 3 concentrations showed different trends during the same time period. In most provinces, NO 3 concentrations remained steady or even increased (e.g., Shanxi, Shaanxi, Jilin and Heilongjiang), although there were decreases in the North China Plain. Overall, there was a 0.2 μg m -3 yr -1 reduction in the population-weighted mean NO 3 concentrations over ECN. The NH 4 + concentrations, i.e., the cation associated with SO 4 2 and NO 3 , had a slight decrease nationwide, possibly due to the reduction in SO 4 2 concentrations. Figure 5 presents the spatiotemporal changes of carbonaceous aerosols and PM other . In general, the satellite-based OC concentrations were enhanced in densely populated regions, which were related to residential combustion activities. The estimation of BC was also highlighted in populous regions, which is consistent with previous studies (Geng et al., 2017b) . PM other , mainly anthropogenic dust in the eastern part of China, was also found in large cities. During 2013-2017, all three of these species decreased over ECN, with population-weighted mean reduction rates of 0.4, 0.2 and 0.8 μg m -3 yr -1 for OC, BC and PM other , respectively. Figure 6 shows the population-weighted mean concentrations of satellite-based PM 2.5 and its chemical compositions during 2013-2017 over ECN and the three key regions. The population-weighted mean concentrations of PM 2.5 show a similar trend to the PM 2.5 ground observations. Since 2013, the population-weighted mean PM 2.5 concentrations over ECN have decreased by 21% (from 59.7 to 47.4 μg m -3 ).
Results and discussion

Evaluation of the PM 2.5 chemical composition concentrations
Spatiotemporal changes in the PM 2.5 chemical composition concentrations
Regional disparity existed among regions in both the PM 2.5 concentrations and their reduction rates. Of the three key regions, BTH had the highest PM 2.5 levels (96.2 μg m -3 in 2013), while PRD had the lowest (42.9 μg m -3 in 2013). The population-weighted mean PM 2.5 concentrations decreased by 31%, 20% and 16% for BTH, YRD and PRD, respectively, during the study period. PRD was the only region with a PM 2.5 rebound in 2017. Secondary inorganic aerosols were major components in PM 2.5 over China. In 2013, SNA concentrations were most abundant in BTH (45.7 μg m -3 ), followed by YRD ) and PRD (20.7 μg m -3 ). Generally, SNA exceeded half of the total PM 2.5 , indicating the significant contribution of secondary aerosols to PM 2.5 . Since 2013, the population-weighted mean concentrations of the PM 2.5 chemical composition decreased in all regions. Although the total fraction of SNA remained stable among years, the relative abundance of SO 4 2 and NO 3 changed. For example, the fraction of NO 3 increased from 23% to 28% over ECN, while the fraction of SO 4 2 decreased from 19% to 14%. Similar patterns were also observed in the three key regions. Figure 7 further compares the relative changes of PM 2.5 Figure 6 . Similar trends were found in the three key regions, where BTH achieved the largest reduction of 49% for SO 4 2 , while the highest reduction in NO 3 was only 10%.
Relationship between the SNA concentrations and precursor emissions
To understand the underlying driving forces behind changes in SNA concentrations, we compared the interannual variations of SNA concentrations with their precursor emissions, as shown in Figure 8 . Changes in BC are also shown in Figure 8 as an example of primary species. For direct comparison between mass concentrations and emissions, percent changes relative to the value in 2013 were used. The changes in SO 4 2 concentrations were generally consistent with the changes in SO 2 emissions for ECN and the three key regions, although the reduction of SO 4 2 concentrations was usually slightly less than that of the SO 2 emissions. For example, SO 2 emissions in 2017 decreased by 66% compared to 2013 in BTH, resulting in a 49% reduction in SO 4 2 concentrations. This difference was possibly caused by the nonlinear effect resulting from the chemical reactions in the atmosphere (Hand et al., 2012) . As a comparison, the percent changes in BC concentrations were more linearly correlated with the changes in BC emissions. Changes in NO 3 concentrations were less correlated with the changes in NO x emissions, as shown in Figure 8 . NO x emissions decreased year by year from 2013-2017; however, the NO 3 concentrations increased in certain years (e.g., 2014) or had a much lower reduction compared to the emissions. This is because changes in NO 3 concentrations were affected by both the precursor emission changes and the thermodynamic equilibrium of SNA aerosols. In the atmosphere, SO 2 and NO x are first converted to H 2 SO 4 and HNO 3 before neutralization by NH 3 . (NH 4 ) 2 SO 4 is formed preferentially due to its stability, while NH 4 NO 3 is formed when excess NH 3 is available beyond the requirement for SO 4 2 . During 2013-2017, NH 3 emissions remained quite steady over time. The decrease in SO 4 2 released free NH 3 in a 1:2 ratio, which could neutralize more HNO 3 in the atmosphere to form NH 4 NO 3 . This partially compensated for the NO x emission reduction and explains why the relative decrease in NO 3 was much lower than that in the NO x emissions. To reduce NO 3 concentrations more effectively in the future, actions are needed to mitigate NH 3 emissions over China. Of the three key regions, BTH had the largest SO 2 and NO x emission reductions, consistent with the larger decline in SO 4 2 and NO 3 concentrations in this region. In PRD, NO 3 in 2017 only decreased by 2% compared to 2013, although NO x emissions had a decrease of 18%.
The reductions in SO 2 and NO x emissions were mainly achieved by the implementation of the Action Plan in 2013. The sectoral emission changes of SO 2 , NO x and NH 3 taken from the MEIC inventory are presented in Figure 9 . The industrial sector was the dominant source of SO 2 emissions, which contributed 60% of total emissions on average. It was also the major driving force of the SO 2 emission reduction during 2013-2017. The Action Plan promoted control measures for the industrial sector, including strengthening industrial emission standards, shutting down outdated industrial capacity, upgrading cleaner technologies and eliminating small industrial boilers . Zheng et al. (2018) estimated that shutting down small industrial boilers and cleaning larger ones contributed the most to SO 2 emission reductions. The industrial sector was also the largest contributor to NO x emissions, which accounted for 40% of the total emissions. However, the reduction of NO x emissions from the industrial sector was limited due to the lack of effective controls on NO x in industrial combustion sources. The main driver of the NO x emission reduction was the power sector, which installed selective catalytic reduction (SCR) systems in power plants to meet the ultralow emission standard. Another large source of NO x emissions, the transportation sector, had limited reduction because the pollution control was totally offset by the growth in the vehicle population. Unlike SO 2 and NO x , NH 3 emissions mainly originated from the agricultural sector (94%). The NH 3 emissions remained stable during 2013-2017 due to the absence of effective control measures for NH 3 in the current policies. This should be taken into account in future mitigation plans because NH 3 plays important roles in the formation of SNA aerosols, as described above.
Limitations
In this work, the impact of changes in interannual meteorological conditions on the variation of PM 2.5 concentrations was not considered when comparing concentrations with emissions. Meteorological factors could contribute to the changes in PM 2.5 and its chemical composition concentrations by influencing the chemical and physical processes in the atmosphere, including the formation and deposition of aerosols. Meteorological conditions had large impacts on daily and seasonal variations of PM 2.5 concentrations. However, after aggregation over time and space, the uncertainties caused by meteorological conditions were reduced. Zheng et al. (2017) conducted a sensitivity simulation with fixed emissions over China to quantify the meteorological impacts on the PM 2.5 concentrations. The results showed that impacts from meteorological factors on the national population-weighted annual mean PM 2.5 concentrations were small (within 5%) compared to the actual changes estimated in our study. Therefore, our conclusions would not be affected by not considering the meteorological impacts. Nevertheless, future studies are needed to quantitatively estimate the influence of meteorological changes on PM 2.5 chemical composition concentrations over different seasons and regions.
Conclusions
In this study, we combined satellite-based PM 2.5 data and CMAQ simulations to estimate satellite-based PM 2.5 chemical composition concentrations over the eastern part of China, where anthropogenic emission sources are dominant. The satellite-based estimates had reasonable consistency with ground observations (R between 0.56-0.81 for different species), which outperformed the CMAQ simulations. Based on such a dataset, we investigated the spatiotemporal changes of PM 2.5 chemical composition over China during 2013-2017, when the most stringent and ambitious Action Plan was implemented to mitigate PM 2.5 pollution. We found that PM 2.5 concentrations decreased considerably during this time, and all the chemical species contributed to the reduction in PM 2.5 concentrations. The population-weighted mean concentrations over ECN decreased from 11.1 to 6.7 μg m -3
for SO 4 2 , 13.8-13.1 μg m -3 for NO 3 , 7.4-5.8 μg m -3 for NH 4 + , 9.9-8.4 μg m -3 for OM, 4.6-3.8 μg m -3 for BC and 12.9-9.6 μg m -3 for PM other . Among all the species, SO 4 2 had the largest reduction of 40%, while NO 3 had the lowest of 5%. As a result, the fraction of SO 4 2 in PM 2.5 decreased from 19% to 14%, whereas the fraction of NO 3 increased from 23% to 28% over ECN. Of the three key regions considered in this study, BTH had the largest reduction in most of the species, contributing to the largest reduction of PM 2.5 in this region.
By examining the bottom-up emission inventory of the precursors, we found that the industrial sector was the major driver of the SO 2 emission reductions since 2013. Control measures from the Action Plan, including strengthening industrial emission standards, shutting down outdated industrial capacity, upgrading cleaner technologies and eliminating small industrial boilers, reduced the SO 2 emissions by 59% from [2013] [2014] [2015] [2016] [2017] . NO x emissions also had a reduction of 20% achieved by the installation of SCR systems in the power sector. However, the NO 3 concentrations had a much lower reduction because the decrease in SO 2 emissions and the stable NH 3 emissions resulted in more HNO 3 being converted to NO 3 , which partially offset the decrease in NO x emissions.
The findings in our study confirm the effectiveness of the Action Plan implemented in 2013. We also noticed the important role of NH 3 emissions when mitigating SNA aerosols. Satellite-based NH 3 vertical column densities from the Infrared Atmospheric Sounding Interferometer (IASI) also indicated the increase of free NH 3 in the atmosphere , a result of the decrease in NH 3 removal and which weakened the benefits of nitrate reduction. Sensitivity tests using CTMs showed that simultaneous control of NH 3 emissions in conjunction with SO 2 and NO x emissions is more effective in reducing PM 2.5 concentrations than controlling only SO 2 and NO x emissions (Fu et al., 2017; Xing et al., 2018) . Future efforts are needed to reduce NH 3 emissions to mitigate PM 2.5 pollution.
